The role of direct flights in trade costs is investigated by introducing and using a micro price data set on 49 goods across 433 international cities covering 114 countries. It is shown that having at least one direct flight reduces trade costs by about 1,400 miles in distance equivalent terms, while an international border increases trade costs by about 14,907 miles; hence, the positive effects of having at least one direct flight between any two cities can compensate for about 10% of the negative effects of an average international border. Trade costs also decrease with the number of direct flights: on average, one direct flight reduces trade costs by about 305 miles in distance equivalent terms, which corresponds to 7% of the average distance and can compensate for about 2% of the negative effects of an average international border. The results are shown to be robust to alternative empirical strategies.
Introduction
The increase in air transportation/travel due to the technological development in jet aircraft engines has led to the improvement of global market integration signi…cantly since World War II. This improvement has been partly achieved by the increase in air shipment due to lower air transportation costs, 1 and partly due to the face-to-face business meetings that overcome informational asymmetries in international trade. 2 Besides the obvious role of air transportation in the integration of the traded goods markets, air travel of individuals has also contributed to the integration of non-traded goods markets, such as the housing market and the service sector. 3 Therefore, there is no doubt that air transportation/travel has signi…cantly contributed to welfare-improving globalization through reducing trade costs between regions/countries.
Within this picture, direct ‡ights have gained more importance, because they provide the cheapest and fastest air transportation/travel. For example, Alderighi and Gaggero (2012) have found that the elasticity of exports to direct ‡ights is about 10%. Similarly, Micco and 1 Hummels (2007) shows that by the year of 2000, air shipments were representing a third of the value of U.S. imports and more than half of U.S. exports with countries outside North America. Similarly, again in 2000, excluding land neighbors, the air share of import value was more than 30 percent for Argentina, Brazil, Colombia, Mexico, Paraguay, and Uruguay. 2 As Cristea (2011) and Poole (2013) have shown, business travel helps to overcome informational asymmetries in international trade by generating international sales in the form of new export relationships. 3 For example, Ley and Tutchener (2001) show how house prices in Canadian cities are strongly associated with overseas tourism. Moreover, service sectors such as medical tourism have bene…ted from the existence of direct ‡ights between countries, as discussed in Bookman and Bookman (2007), Herrick (2007) , and Helble (2011). Serebrisky (2006) have shown that Open Skies Agreements between countries, which allow airlines to operate direct ‡ights internationally, reduce air transport costs by 9% and increase by 7% the share of imports arriving by air. Moreover, studies such as Bel and Fageda (2008) have found that the availability of direct ‡ights has a large in ‡uence on the location of large …rms'headquarters, which is another factor facilitating trade. 4 This paper attempts to measure the e¤ects of direct ‡ights on overall trade costs between cities (in distance equivalent terms) by introducing and using a micro price data set on 49 goods across 433 international cities covering 114 countries. In the benchmark speci…cation, following Eaton and Kortum (2002) , together with other studies in which consumers search for the minimum price across locations, we de…ne intercity trade costs as the maximum price di¤erence (i.e., the maximum of deviations from the Law of One Price) across goods between two cities; for any city pair for which we compare micro prices, we also search for airports within 50 miles to check whether they have any direct ‡ights between each other.
The benchmark results show that having at least one direct ‡ight corresponds to a re- For robustness, we consider many alternative empirical strategies. In order to measure trade costs, for instance, we alternatively follow Borraz et al. (2012) who have suggested using 80th, 90th or higher percentiles of micro price di¤erences in order to reduce the severity of measurement errors in prices; on the other hand, we also follow Eaton and Kortum (2002) by using the second maximum of the price di¤erence between cities. Since direct ‡ights can be used for the air transportation of goods (i.e., for the market integration of traded goods) or for the air travel of individuals (i.e., the market integration of non-traded goods, such as housing and services, especially through tourism), we also consider the price di¤erence between cities for both traded and non-traded goods in our sample. Finally, while searching for a direct ‡ight between any two cities, we consider airports within 25, 100 and 200 miles of the city centers. In all of these alternative empirical strategies, we …nd very similar results in which the e¤ect of direct ‡ights on trade costs is always negative and signi…cant.
The rest of the paper is organized as follows. The next section introduces the empirical methodology used to measure trade costs and details of the regression analysis. Section 3 depicts the data and descriptive statistics. Section 4 reveals the empirical results. Section 5 concludes.
2 Empirical Methodology
Measuring Trade Costs
Data for trade costs are either non-existing or not covering the globe. 5 Accordingly, studies such as by Eaton and Kortum (2002) , Simonovska and Waugh (2014) , among many others, have considered disaggregate price information across countries to measure trade costs. For example, in Eaton and Kortum (2002) , given a pair of countries, the maximum price difference across goods is used as a measure of trade costs. In order to understand the logic behind this, consider the following arbitrage condition for the same good between any two locations:
where P g i is the price of good g in location i, P g j is the price of good g in location j, and ji represents the gross multiplicative trade costs from location j to location i. When traded goods are considered, this expression literally means that importing good g from location j is more costly compared to the already-available price in location i; therefore, this is an expected situation in the equilibrium after arbitrage opportunities are taken (i.e., after possible trade is achieved). When non-traded goods are considered, this expression means that travelling from city i to city j to consume good g is more expensive than consuming the same good in city i; the same arbitrage conditions are implied as for traded goods. Therefore, 5 An exception is the data set for the U.S. international trade that can be obtained from http://dataweb.usitc.gov/. Nevertheless, even this detailed data set covers only the calculated duties and the cost of all freight, insurance, and other charges incurred; it does not cover, for instance, trade costs due to search frictions or time to ship. in our empirical investigation, below, we will consider the implications for both traded and non-traded goods.
The symmetric version of Equation 1 also holds with an inequality:
When trade costs are symmetric (i.e., when ji = ij ), the last two inequalities can be combined in log terms as follows:
where j j is the absolute operator, p g i = log P g i , and p g j = log P g j . The main point is that, when the maximum (i.e., the upper bound) of the left hand side is considered, the last inequality turns into an equality. For example, Eaton and Kortum (2002) consider the maximum of the left hand side as the maximum price di¤erence across goods between two locations, which can be summarized as follows:
We follow this de…nition of trade costs in our benchmark results.
As mentioned by Eaton and Kortum (2002) , for robustness, we will also consider these alternative measures in our investigation.
Regression Analysis
Once trade costs are obtained (as described in the previous subsection), we are interested in the e¤ects of having direct ‡ights between cities. Since we have data for the exact number of direct ‡ights between cities, we will consider two alternative approaches.
In the …rst speci…cation, we consider the e¤ects of having at least one direct ‡ight between cities. Accordingly, the following regression will be used (where the superscripts represent the speci…cation):
where f 1 ij is a dummy variable taking a value of 1 when there is at least one direct ‡ight between cities i and j, b ij is a dummy variable taking a value of 1 when there is an international border between cities i and j, d ij is the great circle distance in miles between cities i and j, c i and c f are city …xed e¤ects.
In the second speci…cation, we will consider the e¤ects of the number of direct ‡ights between cities, where we will employ the following regression (where the superscripts represent the speci…cation):
where f 2 ij is the number of direct ‡ights between cities i and j, and the remaining notation of variables is the same as in the …rst speci…cation, above.
In both speci…cations, the expected sign of 1 is negative since we expect that having direct ‡ights between any considered city pair is going to reduce trade costs due to the reduced search costs, informational asymmetries, time-to-ship, etc. As consistent with the literature (e.g., Engel and Rogers, 1996) , we also expect the e¤ects of international borders and distance to be positive (i.e., 2 > 0 and 3 > 0).
Using the estimated coe¢ cients, following the methodology introduced by Parsley and Wei (2001), which is robust to the units of distance measurement used (e.g., miles versus kilometers), the distance equivalent of having direct ‡ights can be measured by the following expression:
while the distance equivalent of the average international border e¤ect can be measured by the following expression:
where d ij is the average distance between cities, which is about 4,551 miles. In these expressions, we literally determine the corresponding change in distance units to compansate for having direct ‡ights or an international border. the micro prices that they observe either at the good level or by using the price collection sheet provided by the web page. Since the price data are user contributed, Numbeo uses alternative methodologies to …lter out noise data. First, the user provided data are checked for outliers manually. 6 Second, one quarter of lowest and highest inputs are discarded as borderline cases. Third, Numbeo uses heuristic technology that discards data which most likely are incorrect statistically. Using the price data, we calculate log trade costs according to Equation 2, where, as indicated in Table 1 , the number of city pairs is 90,785, and number of international city pairs are much higher than the number of intranational city pairs.
Data and Descriptive Analysis
The data for direct ‡ights have been obtained from Airline Route Mapper for the year of 2013. 7 The data include information on 63,149 direct ‡ights from around the world where the name of the airlines and airports are also provided. Considering the provided airport codes and names, we determined the exact location of the airports (in terms of their latitudes and longitudes) and the countries in which they are located by using Google Maps.
By using Google Maps, we also calculated the exact location of cities in our price data (in terms of their latitudes and longitudes). Considering these locations, we calculated the great circle distance between them in miles to be used in the regression analysis (see Table   1 ). Furthermore, in order to determine whether there is a direct ‡ight between any two cities in our price data, we searched for the airports within 50 miles of the city centers by using the airport location data we have. We found that for some cities, there are no airports within 50 miles, while for some others, there are more than one airport; summary statistics are provided in Table 1 where the number of direct ‡ights is 10,677 (out of 90,785). For a given city pair for which prices are compared, we calculated the number of direct ‡ights using the 6 For example, for a particular price in a city, when values contributed are 5, 6, 20, and 4 in a reasonable time span, the value of 20 is discarded as a noise. 7 The web page is http://arm.64hosts.com/.
direct ‡ight data that we have by considering all available airports within 50 miles. In the empirical investigation, we consider two alternative versions of this information: (i) having at least one direct ‡ight between cities, and (ii) the exact number of direct ‡ights between cities. 8 For robustness, we also considered alternative measures of proximity to the airport (i.e., airports within 25, 100, and 200 miles of city centers); in Table 1 , to save space, we only depict the summary statistics for airports within 100 miles of city centers.
When the maximum price di¤erence across goods is used as the measure of trade costs between cities and airports within 50 miles of city centers are considered to determine direct ‡ights, the corresponding Kernel density estimates are provided in the upper panel of Figure   2 , where the city pairs that have a direct ‡ight between each other have fewer trade costs between each other, independent of considering traded or non-traded goods. The results remain the same with a di¤erent magnitude when the 80th percentile of price di¤erence across goods is used as the measure of trade costs between cities, as depicted in the lower panel of Figure 2 . Therefore, direct ‡ights seems to have a reducing e¤ect on trade costs between cities. Nevertheless, proving this claim requires a formal investigation, of which results we depict next.
Empirical Results
When the maximum price di¤erence across all goods is used as the measure of trade costs between cities and airports within 50 miles of city centers are considered to determine direct ‡ights, the results in Table 2 are obtained for the estimation of Equation 3 . As is evident, all considered variables are signi…cant at the 1% level, and the adjusted R-bar squared values are as high as 0.67 when city …xed e¤ects are included. The main point out of these results is the negative and signi…cant coe¢ cient estimate of the dummy for having at least one direct ‡ight between the considered cities; this result holds for all eight alternative regressions in Table 2 .
We would like to focus on regression version (4) in one direct ‡ight reduces the e¤ects of distance by one third.
When we replicate the results in Table 2 using price data on traded goods only, we obtain the results in Table 3 , where the signi…cance and signs of all variables remain the same.
When we consider the implied distance-equivalent e¤ects, according regression version (4) When Equation 4 is estimated to investigate the e¤ects of the number of direct ‡ights on trade costs, the results in Table 2 are replaced by the results in Table 4 , where the maximum price di¤erence across all goods is considered as the measure of trade costs, and airports within 50 miles of city centers are considered to determine direct ‡ights. As is evident, again, all considered variables have their expected signs and they are signi…cant at the 1% level. Having one direct ‡ight reduces trade costs by about 305 miles in distance equivalent terms, on average; hence, an airline serving both an inbound and an outbound ‡ight between two cities reduces trade costs by about 710 (= 350 2) miles in distance equivalent terms.
The interesting part of this result is that trade costs are reduced further as the number of direct ‡ights increases. When we replicate the results in Table 4 by using price data on traded goods only, we obtain the results in Table 5 , where one direct ‡ight reduces trade costs by about 241 miles in distance equivalent terms, on average.
We considered many alternative estimation strategies for robustness. These include replicating Tables 2-4 by (i) using price data on non-traded goods only, (ii) considering the second maximum of price di¤erence across goods between cities as the measure of trade costs, (iii) considering the 80th percentile of price di¤erence across goods between cities as the measure of trade costs, and (iv) considering airports within 100 miles of city centers. All of these investigations resulted in virtually similar results (i.e., direct ‡ights a¤ect trade costs negatively and signi…cantly), which can be found in the Online Appendix of this paper. 10 
Conclusion
The e¤ects of direct ‡ights on trade costs have been shown to be negative and signi…cant across cities around the world. Having at least one direct ‡ight corresponds to a reduction in trade costs by about 1,400 miles in distance equivalent terms, on average, which is about one third of the average distance between cities. The results also show that one direct ‡ight reduces trade costs by about 305 miles, which is about 7% of the average distance. Since the average international border is shown to increase trade costs by about 14,907 miles, the positive e¤ects of having at least one direct ‡ight (respectively, having one direct ‡ight) between any two cities can compensate for about 10% (respectively, 2%) of the negative e¤ects of an average international border. Therefore, the results, which are supported by many alternative robustness analyses, are in favor of international policies such as Open Skies Agreements that facilitate direct ‡ights and thus reduce trade costs.
The results, for sure, depend on the focus of this paper, which is about the e¤ects of direct ‡ights; alternatively, indirect ‡ights may also be contributing to the reduction of trade costs.
However, indirect ‡ights are hard to measure/capture due to the many alternative routes 10 Many other alternative measures can also be investigated by using the to-be-published Matlab codes of this paper. that one can have; e.g., from New York City, USA to Istanbul, Turkey, there are many alternative airline routes that one can use regarding indirect ‡ights. Such indirect e¤ects, nevertheless, can be investigated by considering the network e¤ects of direct ‡ights across cities, although it is out of the scope of this paper.
Figure 1 -Cities in the Micro Price Data
Notes: Each star represents a city in the micro price data. There are 433 cities in the sample.
Figure 2 -Kernel Density of Price Dispersion across Cities Maximum Price Difference across All Goods Maximum Price Difference across Traded Goods Maximum Price Difference across Non-Traded Goods 80th Prctile of Price Difference across All Goods 80th Prctile Price of Difference across Traded Goods 80th Prctile of Price Difference across Non-Traded Goods
Notes: For any given city pair and each good, the price difference is first calculated as the absolute log price difference. Afterwards, for each city pair, the maximum or the 80th percentile of these price differences are calculated across goods. City pairs with direct flights are defined as the pairs that have at least one direct flight between each other through an airport within 50 miles of the center city. The sample size is 90,785. Source: International city pairs are defined as the pairs that have an international border between them. Intranational city pairs are defined as the pairs that are located in the same country. The availability of the price data has been determined by considering the long-run relative prices between 2010-2014. The availability of the direct flights has been determined according to the data for 2013. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Domestic Beer (0.5 liter draught) 0 5
Imported Beer (0.33 liter bottle) 1 6
Coke/Pepsi (0.33 liter bottle) 1 7
Water (0.33 liter bottle) 1 8
Milk (regular), (1 liter) 1 9
Loaf of Fresh White Bread (500g) 0 10
Eggs (12) 1 11 Local Cheese (1kg) 0 12
Water (1.5 liter bottle) 1 13
Bottle of Wine (Mid-Range) 1 14
Domestic Beer (0.5 liter bottle) 0 15
Imported Beer (0.33 liter bottle) 1 16 Pack of Cigarettes (Marlboro) 1 17
One-way Ticket (Local Transport) 0 18
Chicken Breasts (Boneless, Skinless), (1kg) 1 19
Monthly Pass (Regular Price) 0 20
Gasoline (1 liter Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. Notes: *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. Standard errors are in parenthesis and p-values are in brackets. All regressions include a constant that are not shown. 
Online Appendix (Not For Publication)

Number of Direct Flights
